We study financial volatility during the global financial crisis and use the largest volatility shocks to identify major events during the crisis. Our analysis makes extensive use of high frequency (HF) financial data to model volatility and, importantly, to determine the timing within the day when the largest volatility shocks occurred. The latter helps us identify the events that may be associated with each of these shocks, and serves to illustrate the benefits of using high-frequency data. Some of the largest volatility shocks coincide, not surprisingly, with the bankruptcy of Lehman Brothers on September 15, 2008 and Congress's failure to pass the Emergency Economic Stabilization Act on September 29, 2008. The day with the largest volatility shock was February 27, 2007, the date when Freddie Mac announced a stricter policy for underwriting subprime loans and a date that was marked by a crash on the Chinese stock market. However, the intraday HF data shows that the main culprit was a computer glitch in the trading system. The days with the largest drops in volatility can in most cases be related to interventions by governments and central banks.
Introduction
The aim of this paper is primarily to study financial volatility during the global financial crisis.
We use the largest shocks to volatility to identify the major events during the crisis, and utilize high-frequency data to seek out their causes. Our sample spans the period from January 3rd, 1997 to December 31, 2009 that includes several major financial events, which adds perspective to the magnitude of the global financial crisis. High-frequency data are also utilized to construct realized measures of volatility that yields accurate measures of volatility. The relationship between important financial/economic events and our realized measures of volatility is illustrated in Figure 1 . The figure presents the annualized realized measure of volatility for the S&P 500 index covering the period [1997] [1998] [1999] [2000] [2001] [2002] [2003] [2004] [2005] [2006] [2007] [2008] [2009] . Several important clusters of volatility are observed and associated with major economic events that occurred during this period, including the Asian crisis, the Russian crisis, the Dot-com bubble burst, 9/11, and Lehman Brothers collapse. The highest measured value of volatility was recorded on October 10th, 2008, at 165.7 (annualized). In this paper we first utilize the recently developed Realized GARCH framework Hansen et al. (2012) to extract daily volatilities. This framework utilizes accurate realized measures of volatility computed from high-frequency data, that facilitates a measure of daily volatility shocks. Because the Global Financial Crisis was an unusually volatile period, with several unusually large shocks, we propose a new variation of the Realized GARCH model which is less sensitive to outliers. This variant of the model improves the empirical fit during the crisis period. However, the improvements are modest, and it appears that the need for robustification is less important than is the case of conventional GARCH models, see e.g. Harvey (2013, p. 13 ). This highlights one of the advantages of using realized measures, instead of solely relying on daily returns, as do conventional GARCH models.
Knowledge of financial volatility has considerably increased over the last decade, revolving around two main lines of enquiry: measuring and modeling volatility. This is in part due to the increased availability of high-frequency financial price, which has inspired the development of novel econometric tools that substantially improved the ex-post volatility measurement.
The impetus to the vastly growing literature on measuring volatility came largely from Andersen and Bollerslev (1998) , who documented that the realized variance, computed as the sum of squared intraday returns, provides an accurate measurement of daily volatility. The stochastic properties of the realized variance were subsequently studied in Andersen et al. (2001) , Barndorff-Nielsen and Shephard (2002) , Meddahi (2002) , Andersen et al. (2003) , Mykland and Zhang (2009) . In the meantime, a large number of improved proxies of volatility, which are not sensitive to market microstructure noise were introduced by Zhang et al. (2005) , BarndorffNielsen et al. (2008) , Hansen and Horel (2009) , inter alios.
The improved measures of volatility motivated the development of volatility models that make uses of realized measures. For instance, Engle and Gallo (2006) proposed the Multiplicative Error Model (MEM) which jointly models returns and realized measures of volatility via a multiple latent volatility processes framework. The MEM framework was subsequently refined and used by Shephard and Sheppard (2010) , who refers to their model as the HEAVY model.
More recently, Hansen et al. (2012) , see also Hansen and Huang (2016) and Hansen et al. (2014) , introduced the Realized GARCH model that takes a different approach to the joint modeling of returns and realized volatility measures. The key difference is the presence of a measurement equation that ties the realized measure to the underlying conditional variance.
In this paper we propose and study a new variant of the Realized GARCH model that is sought to be robust to outliers. The new structure is inspired by Harvey (2013) who demonstrated that conventional GARCH models can be severely influenced by large returns with unfortunate empirical consequences. Harvey (2013) proceeded by proposing a score-driven model that can overcome the problem. By restricting returns to only influence volatility through the score of a t-distribution, the resulting impact is made robust to outliers in an intuitive manner.
Our robustified Realized GARCH borrows the outlier dampening feature of the score.
For a more focused analysis, we zoom in on the events during the recent global crisis (2007) (2008) (2009) ) and analyze the days with the largest volatility shocks. We present then the main economic/financial/social/ governmental events that could have induced these shocks. We subsequently use the information in the high-frequency data to identify the exact timing of each shock, which gives us an idea of its real cause. Interestingly, the largest volatility shock is found to coincide with a technical problem in the trading system. The paper is organized as follows. Section 2 introduces the modeling framework including the robustified Realized GARCH specification. The empirical analysis is presented in Section 3. In Section 4 we discuss the news related to the largest volatility shocks. Section 5 concludes.
Modeling Framework

Key Variables
We are to study volatility of asset returns, r t . In the empirical analysis we use the exchange traded index fund, SPY, to define daily returns because it closely tracks the S&P 500 index and provides us with readily available high-frequency data. The conditional variance of daily returns is denoted by:
where {F t } is a filtration to which r t is adapted. Volatility shocks -the key variable in this analysis -are defined by:
so that 100 × v t is the percentage shock to volatility, induced by news on the t th day.
In the rest of this section we detail the econometric modeling of returns and realized measures of volatility, which will lead to our empirical estimates of volatility shocks. After introducing the Realized GARCH framework we detail the robustified version of the model that we introduce in this paper. Readers who are primarily interested in the empirical analysis and less interested in the details of the econometric models can skip the rest of this section and go directly to the empirical analysis in Section 3.
Realized GARCH Framework
The Realized EGARCH model of Hansen and Huang (2016) (with a single realized measure of volatility) is given by the following three equations:
where τ (z) = τ 1 z + τ 2 (z 2 − 1) and δ(z) = δ 1 z + δ 2 (z 2 − 1). Here, z t and u t are typically assumed to be mutually and serially independent and modeled with the specification: z t ∼ iid(0, 1) and
. The three equations are labelled as the return equation, the GARCH equation, and the measurement equation, respectively. The first two form the basis for a GARCH-X model, similar to that estimated by Engle (2002) , Barndorff-Nielsen and Shephard (2007) , and Visser (2011) .
The measurement equation is a key characteristic of the Realized GARCH framework, which ties the (ex-post) realized measure, x t , to the latent (ex-ante) conditional variance, h t . A GARCH-X model is -in isolation -an incomplete description of the data, because it does not specify a model for the realized measure. A complete specification of the dynamic properties of both returns and realized measures is achieved by means of the measurement equation. An alternative approach to completing the GARCH-X model that involves additional latent variables was proposed by Engle and Gallo (2006) , see also Shephard and Sheppard (2010) .
Some of the key features of this model are captured by β, which measures the persistence of volatility, and by τ (z t−1 ) + γu t−1 , which estimates the innovation in the conditional volatility.
For instance, γu t−1 captures the impact that the realized measure has on the next period conditional variance. The functions τ (z) and δ(z) are called the leverage functions, as they specify a dependence between returns and volatility commonly referred to as the leverage effect. Hansen et al. (2012) explored different leverage functions and found a simple quadratic form to be satisfactory in practice. We adopt the same structure in our estimation. In addition, the term τ (z) makes reference to the news impact curve introduced by Engle and Ng (1993) , which shows how positive and negative returns impact expected future volatility.
Robustified Realized GARCH
Several unusually large shocks to returns and volatility occurred during the global financial crisis. Large shocks pose challenges to conventional GARCH models, as they are highly sensitive to large returns. This motivated Harvey (2013) to suggest a more robust dynamic structure that utilizes the conditional scores of the model. This type of model is known as the dynamic conditional score (DCS) or generalized autoregressive score (GAS) model, see Harvey (2013) and Creal et al. (2012 Creal et al. ( , 2013 , respectively. We adopt some insights from Harvey (2013) by introducing parameters that serve to dampen the impact of outliers in returns. We achieve this by substituting z t withz t = z t / 1 + z 2 t /d z in the GARCH equation, where d z is a parameter to be estimated. The transformation is illustrated in Figure 2 for different values of d. Harvey (2013) deduced the transformation from the score function within a conventional GARCH model, where a univariate time-series of returns are being modeled, see Appendix A for details. In the present context we are modeling both returns and realized measures and both might be affected by outliers (i.e., outliers to returns and outliers in the realized measures, which would translate into unusually large values for z t and u t , respectively). Therefore, we adopt a similar adjustment of u t , which measures the shocks to volatility, and substituteũ t = u t / 1 + u t /σ u 2 /d u for u t in the GARCH equation.
Here, d u is a second robustness parameter to be estimated, analogous to d z , and we note that the standard Realized GARCH model emerges in the limit as
The robustified Realized GARCH model has the following structure:
with the leverage functions given by τ (z) = τ 1z + τ 2 (z 2 − 1) and δ(z) = δ 1 z + δ 2 (z 2 − 1). Additional variants of the robust model are estimated and compared, see Appendix B for details. In our quasi maximum likelihood estimation we model z t and u t to be mutually and serially independent, with z t ∼ iid(0, 1) and
. Within the model defined by (6)-(8), the volatility shock which was defined in (2), v t , is in the present model given by:
Therefore, the volatility shock has two components. The first component is the news impact curve that is well known from conventional GARCH models. The second term captures the additional information about future volatility that is embodied in the realized measure of volatility.
This term illustrates another advantage of using realized measures, as an improved measurement of the volatility shock is made available within the Realized GARCH framework.
Empirical Analysis
Data Description
We use high-frequency prices for the exchange traded fund, SPY, which closely tracks the S&P 500 index. Our full sample spans the period from January 1, 1997 to December 31, 2009.
We follow the standard practice in the GARCH literature and model daily close-to-close returns. The realized measure of volatility measures volatility over the part of the day where high-frequency data is available, typically from 9:30 am to 4:00 pm, which is obviously less than close-to-close volatility that is relevant for daily returns. Hansen et al. (2012) found that about 75% of volatility occurs during the 6.5 hours with active trading, and estimated ϕ to be very close to one, which suggest that the realized measure is proportional to daily volatility. As our the realized measure of volatility, x t , we adopt the realized kernel (RK) by Barndorff-Nielsen et al. (2008) . To this end we use the Parzen kernel function and a bandwidth that ensures robustness to market microstructure noise, using the implementation in Barndorff-Nielsen et al. (2011) , which guarantees a positive estimate. The positivity is useful because we will be specifying our model for the logarithmically transformed volatility. Prior to computing intraday returns and realized measures, we preprocess the high-frequency data using the cleaning procedures of Barndorff-Nielsen et al. (2009) . We also remove unusually quiet trading days (such as days with limited trading hours) around Thanksgiving and Christmas in order to avoid obvious outliers in the realized measures.
In order to quantify the volatilities using an intuitive scale, we will typically report the conditional variance and realized measure at an annualized volatility scale. The annualized realized volatility is defined from the realized kernel estimates by:
while the annualized conditional variance (volatility) is defined by Cvol t = √ 250 × h t . The constantĉ adjusts for the fact that RK t measures volatility over the part of the day that highfrequency data are available, and not the whole day. The adjustment isĉ 4 3 because about 75% of daily volatility occurs during the hours between 9:30 am and 4:00 pm.
Estimation Results
When modeling returns with conventional GARCH models, the specification of the conditional mean typically does not make much difference. This is also true within the Realized GARCH framework. In the present application we have estimated models with constant µ as well as models where µ is set to zero. The unrestricted estimate of µ is small and insignificant, and the resulting time series forĥ t are virtually identical whether µ is estimated or simply set to zero. The empirical results reported in this paper are for models where we have imposed the constraint µ = 0. 1 Robust standard errors are computed using the sandwich estimator, see Bollerslev and Wooldridge (1992) .
These results are presented in Appendix B. All key parameters are statistically significant and their signs are meaningful. For instance, the value of the coefficient forũ t−1 isγ = 0.377, which shows that the realized measure provides an informative signal about future volatility,β = 0.968 reflects the high persistence in volatility, andφ = 1.020 suggests that the realized measure is proportional to the conditional variance.
The implication is that a fixed proportion of daily volatility occurs during the 6.5 hours that
the market is open. The asymmetric response in volatility to return shocks (leverage effect) is encapsulated in
The estimated response in volatility to studentized return shocks, z t , is summarized by the news impact curve. The news impact curve is displayed in Figure 3 , for both the robustified Realized GARCH model and the Realized GARCH model.
The asymmetric response is pronounced in both models, with negative return shocks have a disproportionally larger impact on volatility than positive return shock of the same magnitude.
Figure 3 highlights differences between the robust and non-robust Realized GARCH model, specifically that the former dampens the impact on volatility on days with extreme negative returns shocks. The time series of the conditional variance, h t , implied by the estimated model is presented in Figure 4 along with markers of some of the main events during the Global Financial Crisis.
The first spike in volatility was on February 27, 2007, and several other spikes in volatility are associated with key events such as those related to Bears Stearns, the collapse of Lehman Brothers, and the House of Representatives' decision to reject the $700 billion banking-rescue package, etc. We will undertake a closer investigation of the largest volatility spikes in the next section of the paper.
The volatility shock, v t = E(log h t+1 |F t ) − E(log h t+1 |F t−1 ) = τ (z t ) + γũ t , summarizes the effect that news on day t has on expected future volatility. It can be deduced from the estimated model using (9), and our estimates of v t are presented in Figure 5 along with daily returns. As it turns out, the largest estimated volatility shock fell on February 27, 2007. This is partly due to the fact that volatility was relatively low prior to this date (about 9% annualized) so that a 126% increase in expected annualized volatility (which is what v t = 1.629 translates into)
did not bring the volatility to a record high level, but it was nevertheless the largest shock in percentage terms. The non-robust specification has v t = 2.295 on February 27, 2007, which translates into a 215% increase in annualized volatility.
In Figure 6 we compare the non-robust Realized GARCH model with the new specification.
The upper left panel displays the two series of h t along with the realized measure of volatility (using an annualized scale). The two series of h t are very similar, occasionally one can see the volatility of the non-robust specification spiking up a bit higher than that of the robust specification. The other three panels display the same series over 3-week intervals that include the three largest volatility shocks in our sample. Large discrepancies between the volatility series are observed in the upper right panel following the event on February 27, 2007.
In response to the large realized measure of volatility and the negative return on February 27, 2007, we observe that the Realized GARCH reacts strongly to this news. The non-robust model predicts volatility to be much higher than what is actually observed in the realized measure the following day. The robust model performs better following this event, except for the second day, March 1st, and after about a week later, the two specification produce ver similar values for the conditional variance. Generally, we observe that the standard and the robust versions of Realized GARCH yield similar values for the conditional variance, including during the periods around the second and third largest volatility shocks.
In the next section we will focus on the dates with the largest volatility shocks. 
News Related to the Largest Volatility Shocks
In this section we undertake a more detailed study of the days during the years 2006-2009, that we have associated with the largest volatility shocks. The positive (upwards) shocks are typically larger than the negative (downwards) shocks in volatility, both in terms of absolute changes and in percentages changes. Using the volatility shocks from the estimated robustified
Realized GARCH model, we zoom in on the ten largest upwards shocks, which are listed in Table 1 , and the five largest downwards volatility shocks that are listed in Table 2 . Table 1 lists the ten days with the largest positive volatility shocks along with the percentage changes in the S&P 500 and a list of selected news stories. Similarly, Table 2 For the positive volatility shocks this results in shocks that ranges from 43% to 126, and the five downwards shocks ranges from −21% to −24%. In is interesting to note that all of the ten upwards volatility shocks are associated with large negative returns, whereas the five downwards volatility shocks are fell on days with relatively large positive returns.
For twelve of these days in the sample (those with the seven largest positive volatility shocks, and five largest negative volatility shocks) we present intraday high-frequency price data along with 13 realized measures of volatility, that are each computed over 30 min intervals. The realized measures are the simple realized variance using 1-minute returns, so that each realized measure is computed from 30 intraday returns. The realized variances are converted in to an annualized volatility scale, by RV → √ 250 × 13 ×ĉ × RV whereĉ = r 2 t / x t is the constant defined in (10) that adjusts for the fact that the realized measures only computes volatility over a fraction of the day. For each of the twelve days we summarize some of the main news and use the high-frequency data to identify the key pieces of news, to the extend this is possible. 6 Wal-Mart Stores, Inc., report higher that expected third-quarter earnings.
7 Oil price retreats from near high record levels. support the credit markets. 11 The "Super SIV" rescue fund was canceled as the consortium claimed that " [it] is not needed at this time". 12 Encouraging economic news about personal income and spending.
Note: Volatility shock, return on the S&P 500 index (source Yahoo Finance), and key events/news.
Tuesday, February 27, 2007 (+126%)
February 27, 2007 corresponds to the largest volatility shock in our sample, with a volatility shock v t = 1.629 that translates into an expected 126% increase in volatility. On this day, the Dow Jones industrial average fell 416.02 points, which was the largest drop since 9/11, and the S&P 500 and Nasdaq fell by about 3.5% and 3.9%, respectively.
There where several potentially distressing news stories by the time the (US) markets opened.
The Chinese stock market had crashes, there where pessimistic news on the U.S. economic growth (e.g., on Monday, the Federal Reserve Chairman Alan Greenspan announced a potential fall of the economy into a recession by the end of 2007; report on the decline in the durable goods orders in January and on housing prices, etc.), and the U.S. military base in Afghanistan, which Vice President Dick Cheney was visiting, was attacked by a suicide bomber. Moreover, Freddie Mac announced tighter standards on subprime loans.
The subprime related news story from Freddie Mac is unlikely to have been of major significance to the market turmoil, because the tighter standards were only to be put into effect starting September 1, 2007. The Chinese crash is more likely to have been a contributing factor, as the Shanghai Composite Index had fallen -8.5%, allegedly caused by fears of new regulatory measures, such as possible trading taxes. However, this explanation also seems implausible when we turn to the evidence offered by high-frequency data. Figure 7 presents the high-frequency prices (minute-by-minute) on the SPY along with realized variances computed over 30 minute intervals. It is evident that markets were not particularly disturbed by any of these news stories, including the Chinese crash. What stands out on this day is the increased price fluctuations that begins shortly before 15:00, causing volatility to jump by a factor of eight over a short period of time. This timing coincides with a computer glitch in the trading system. The glitch caused some trades not to be reported immediately, such that posted prices became stale. According to the Dow Jones spokeswoman: "around 2:00 pm [on that day] the market's extraordinary heavy trading volume caused a delay in the Dow Jones data systems. [...] and as we identified the problem we decided to switch to a back-up system and the result was a rapid catch-up in the published value of the Dow Jones Industrial Average." The back-up system was activated around 3:00 pm and at 3:02 pm the index fell by 160 points and continued its depreciation throughout the afternoon. The Dow Jones Industrial average index fell by 546 points in the afternoon. The data for this day provides an excellent example of the valuable information that high-frequency data can offer, and shows that high-frequency data are essential for correctly pinpointing the news events that were the main sources for the market turmoil. It was evident that these downgrades could have significant implications for the housing market, because borrowers with subprime adjustable rate mortgage (ARM) loans, would face difficulties refinancing their loans at an increased interest rates. Stricter underwriting standards made even more difficult for borrowers to refinance out of unaffordable ARMs, and the falling prices in the housing market placed an increasing number of borrowers "under water".
Standard and Poor cited findings by Mortgage Asset Research Institute (MARI) as one of the reasons for the downgrades. MARI had reported a high incidence of fraud in loan applications, such as false or unsubstantiated claims about income, assets, and employment. Affected loans were known as "liar loans".
Tuesday, November 13, 2007 (-21%)
On November 13, 2007 the Dow rose by about 320 points. Goldman Sachs and JP Morgan were up 8.5% and 6.2%, respectively, after Goldman Sachs CEO, Lloyd Blankfein, said that the company would not suffer further significant losses related to subprime mortgages, and JP Morgan CEO, Jamie Dimon, downplayed its exposure to subprime debt. Other good news included Wal-Mart reporting higher that expected third-quarter earnings along with a positive outlook, and oil prices fell (U.S. light crude oil for December delivery fell by $3.45).
Another, significant news story was a 0.2% increase in the US Pending Home Sales (September, 2007) , which was substantially better than the forecast of -2.5% and the -6.5% decline in US Pending Home Sales for the previous month. The release of this story coincide with the afternoon rally in the marked on this date. Tuesday, December 11, 2007 (+86%) On December 11, 2007, the S&P 500 index fell by 2.5%, while the Dow Jones industrial average lost 294 points, or 2.1%, and Nasdaq lost 2.5%. The markets were relatively calm in the morning and the market was up until about 14:15, when it suddenly went in to a tailspin while volatility jumped from about 10% to 70% (at an annualized rate). The main news stories of the day were Early in the morning, Dow, Nasdaq and S&P were down after the May jobs report announced the biggest surge in unemployment since 1986. The unemployment rate increased to 5.5% from 5.0% in April, greatly exceeding the expected rise to 5.1%. The jobs report came on the same day that oil prices jumped to $134 as the dollar lost value against the euro and the yen. It also comes the day after S&P decided to cut the AAA rating of the two largest bond insurers, MBIA (the world's largest bond insurer) and Ambac (the second largest insurer). Moreover, S&P warned that additional downgrades were possible, in anticipation of further losses from mortgage backed securities. MBIA and Ambac ratings were downgraded two notches from AAA to AA, which leads to stricter capital requirement.
On that day, the Dow Jones industrial average lost 395 points, or 3.1%, its biggest one day decline since the start of the subprime mortgage crisis (February, 2007) . which was the largest decline since 9/11. The day followed the weekend where Lehman Brothers filed for bankruptcy protection, which was the largest bankruptcy proceeding in the United States history. The failure of Lehman Brothers made the severity of the crisis crystal clear, and strengthen the fears that the crisis was systemic and would spread throughout the financial sector and beyond. Merrill Lynch was also severely distressed, but did not file for bankruptcy because Bank of America agreed to purchase Merrill Lynch for $50 billion in stock.
In an attempt to counter these events, the Federal Reserve doubled the size of its Term Securities Lending Facility (TSLF) program to $200 billion and widened the asset group eligible as collateral for Treasury loans. In an attempt to dampen the extend to which the financial turmoil would spread to Europe, the European Central Bank and Bank of England injected €30 billion and £5 billion of capital, respectively.
Monday, September 29, 2008 (+98%)
The second largest volatility shock occurred on September 29, 2008. As shown in Figure 14 , prices plunged significantly in the afternoon between 1:30 pm and 1:45 pm. At that time, the House of Representatives rejected (with a 228-205 vote) the Emergency Economic Stabilization Act of 2008, which triggered a tailspin in the stock market. The banking rescue package was to authorize the Treasure to spend up to $700 billion for purchasing toxic assets, mainly mortgagebacked securities, and supply cash directly to banks. By the end of the day, the Dow had fallen by 777 points -the largest drop in the history -while the S&P 500 index was down by 8.8% -its largest percentage drop since the crash of '87. 
Monday, October 13, 2008 (-24%)
Stock markets around the world rallied the day in response to several new policies introduced by the US and European Government. The US stock markets increased, after the Europe markets that increased earlier in the day: London's FTSE 100 was up 4.9%, the CAC 40 in Paris was up 6.9%, and the DAX in Frankfurt, Germany, was up 8.0%.
The leaders of 15 European nations gathered in Paris at a first formal meeting, since the launch of the Euro currency in 1999. Their main goal was to adopt measures to combat credit crisis in Europe. The meeting was organized around four panel discussions on the following themes: i) facilitating the access of banks to capital resources such as to continue the proper financing of the economy; ii) global plans for governments to rescue banks through direct capital injections (such as buying soured mortgage assets from banks, injections of capital, etc.); iii) an efficient recapitalization of distressed banks and other appropriate means to support the banking system on the road to recovery; iv) urging regulators to ease the "mark-to-market" accounting requirements based on the evaluation of assets at their current price. There was agreement to act together in a comprehensive wide ranging plan to rescue the troubled banking system by adding capital through investment and by guaranteeing inter bank lending. Nevertheless, the new rescue plan failed to reassure investors, which was received as "a huge disappointment", because it lacked specific details. As a result, the stocks fell during and after 
Conclusion
In this paper we have analyzed volatility during the financial crisis. We have used high frequency data in two ways to identify the largest volatility shocks and the possible events that caused them. First, we used high frequency data to compute realized measures of volatility and the Realized GARCH model to identify the days with the largest volatility shocks. Second, having identified the days with the largest volatility shocks, we used intraday high-frequency data to pinpoint the exact timing of these shocks, to the extend this was possible. By comparing a specific events and news announcements with the fluctuations observed in the high frequency data, we were in many cases able to identify the main culprits for the volatility shocks.
As an econometric contributions we propose a new variant of the Realized GARCH model, which is sought to be more robust to outliers. The modification is inspired by Harvey (2013) , from whom we adopt a simple transformation that dampens the influence of the outliers on the volatility dynamics. The robustified Realized GARCH improves the empirical fit in terms of the log-likelihood function, but the gains are modest and a rigorous comparison is made difficult by the fact that outliers are rare. So the difference in empirical fit is mainly driven by a few observations. From the estimated model it is straightforward to extract the volatility shock. The volatility shock measures how much the expectation about future volatility changes in response to news on a given day. We proceeded with a detailed analysis of the days with the largest shocks, and used high-frequency data to identify the exact time that some of the shock occurred, which made it possible to relate to specific events and news stories.
The largest upwards volatility shocks coincided with days with large negative returns, whereas the largest downwards volatility shocks occurred on days with positive returns. The days with large decline in volatility could in many cases be associated with government interventions. The single largest volatility shock in our sample occurred on February 27, 2007, which was during a relatively calm period with a low level of volatile. This day provides a good example of the benefits of using high-frequency data. There were several major events on February 27, 2007, including a crash on teh Chinese stock market and Freddie Mac announcing tighter standards on subprime loans. However, high-frequency data reveal that the volatility shock is mainly caused by a computer glitch in the trading system (just before 3 pm). Without high-frequency data, the relevance of other events might have been overestimated. 
B.2 Comparison of Different Robust Specifications
We explored a range of specifications in relation to the robustness. All models can be expressed as submodels of:
The structure for each of the models is as follows, where M0 is the Realized GARCH model, M5 is the specification used in the paper, and M6 is the most general specification:
M0: z t =z 1,t =z 2,t and u t =ũ t M1:
The empirical results are presented in Table 3 . As previously noted, the robustified Realized GARCH model controls the impact of jumps on volatility and on the realized measure. This can be done in a variety of ways, and each of the seven models has a degree of robustness. M6 has the most flexible specification and M0 is the original specification without robustness.
In this section we shed light on the robustified Realized GARCH structure (both general and simplified forms) and subsequently compare its performances in terms of empirical fit with those of the standard Realized GARCH. To this end, we estimate the various specifications with robustness (M1-M6) and compare them to the standard Realized GARCH model (M0). The empirical results for the sample period 2006 to 2009 are presented in Table 3 .
The highest value of the log-likelihood is obviously achieved by the most general specification, M6, albeit it is closely followed by M5, and the difference between these two models is not statistically significant. Moreover, the new parameter of the transformed innovation term that appears into the measurement equation of M6 is quite large, which suggest thatz 2,t = z t might be reasonable. My adopting the model M5, we are only introducing robustness to outliers in the GARCH equation, while leaving the measurement equation unchanged. The estimated parameter associated with the number of degrees of freedom appearing in the transformed innovation termũ t (d u = 18.14) is lower than that associated withz 1,t (d 1,z = 30.92), which suggests that the influence of the outliers related to the realized volatility series requires the highest extend of dampening. The log-likelihood for M5 is six units greater than the classical Realized GARCH specification, which measures a statistical benefit of incorporating robustness in the GARCH equation. Table 4 reports the values of the ten largest positive volatility shocks along with the corresponding dates of occurrence, for each of the seven estimated models. The model are largely in agreement about the dates on which the largest volatility shocks occurred on, but the estimated magnitude of the volatility shocks differs. The dampening effect of outliers are evident from the estimated value of v t , but it is effectively only the three largest volatility shocks that are substantially smaller for the robustified specifications. Note: This table presents the ten largest positive volatility shocks computed as vt = τ (zt) + γũt, along with the corresponding dates of occurrence.
